The impacts of future climate change on the agricultural water supply capacities of irrigation facilities in the Geum River basin (9645.5 km 2 ) of South Korea were investigated using an integrated modeling framework that included a water balance network model (MODSIM) and a watershed-scale hydrologic model (Soil and Water Assessment Tool, SWAT). The discharges and baseflows from upland drainage areas were estimated using SWAT, and the predicted flow was used to feed agricultural reservoirs and multipurpose dams in subwatersheds. Using a split sampling method, we calibrated the daily streamflows and dam inflows at three locations using data from 6 years, including 3 years of calibration data (2005)(2006)(2007) followed by 3 years of validation data (2008)(2009)(2010). In the MODSIM model, the entire basin was divided into 14 subwatersheds in which various agricultural irrigation facilities such as agricultural reservoirs, pumping stations, diversions, culverts and groundwater wells were defined as a network of hydraulic structures within each subwatershed. These hydraulic networks between subwatersheds were inter-connected to allow watershed-scale analysis and were further connected to municipal and industrial water supplies under various hydrologic conditions. Projected climate data from the HadGEM3-RA RCP 4.5 and 8.5 scenarios for the period of 2006-2099 were imported to SWAT to calculate the water yield, and the output was transferred to MODSIM in the form of time-series boundary conditions. The maximum shortage rate of agricultural water was estimated as 38.2% for the 2040s and 2080s under the RCP 4.5 scenario but was lower under the RCP 8.5 scenario (21.3% in the 2040s and 22.1% in the 2080s). Under the RCP 4.5 scenario, the projected shortage rate was higher than that during the measured baseline period (1982-2011) of 25.6% and the RCP historical period of 30.1%. The future elevated drought levels are primarily attributed to the increasingly concentrated rainfall distribution throughout the year under a monsoonal climate, as projected by the IPCC climate scenarios.
Introduction
In recent years, extreme weather conditions such as droughts and record-breaking rainfall have become a common climatic pattern in many parts of the world. Droughts that last several months with lower-than-average rainfall often result in substantial damage to agricultural systems and affect crop production and forest and rangeland ecosystems. Extended droughts may result in socio-economic problems and chaos in human societies due to the resulting drinking and industrial water shortages. The climate in South Korea is heavily influenced by the East Asian monsoon, with an intense rainy season during the hot summer months. Approximately seventy percent of annual precipitation falls during the monsoon period of June, July and August. In Korea, paddy rice cultivation is the predominant agricultural practice; therefore, agricultural irrigation has traditionally focused on irrigating paddy fields. Due to the climatic nature of the dry spring months of April, May and June, yearly rice production is extremely sensitive to agricultural irrigation during the spring season before the monsoon season. To overcome shortages in agricultural water supplies, the Korean government has constructed water retention and irrigation facilities across the country, including 17 500 irrigation reservoirs, 7500 pumping stations, 18 000 weirs and 23 400 tube wells since the beginning of the twentieth century (MFAFF & KRCC 2011) .
Particularly, drought has become a normal climate pattern in South Korea, although such extreme events should be rare. South Korea suffered from five severe droughts in 2001, 2006, 2008, 2009 and 2012 , which resulted in a catastrophic decrease in crop/dairy production and decreased water resource availability even when state-of-the-art agricultural irrigation facilities were used. As demonstrated in part by the recent droughts, the Korean peninsula is being significantly influenced by ongoing climate change. A thorough evaluation of the resilience of the agricultural water supply capacity of current irrigation facilities is necessary to stabilize agricultural production under current drought conditions. Furthermore, a vulnerability assessment of the agricultural water supply under projected future climate conditions is required to develop regional and national adaptation plans.
In general, assessing the impacts of climate change on watershed hydrology will need to include watershed models and general circulation models (GCMs). Several studies recently assessed the impacts of climate change on streamflow using the Soil and Water Assessment Tool (SWAT) model coupled with GCM outputs. Jha et al. (2004) investigated the impact of climate change on streamflow in the Mississippi River watershed, and Gosain et al. (2006) assessed the effect of climate change on the hydrology of Indian River watersheds. In addition, Zhang et al. (2007) estimated the effect of potential climate change on the available streamflow volume in the Luohe River basin, and Ficklin et al. (2009) performed a climate change sensitivity assessment of the San Joaquin River watershed in California. Furthermore, Ficklin et al. (2010) assessed the sensitivity of agricultural streamflow loads to increasing levels of CO 2 and climate change in the San Juan Valley watershed in California, and Joh et al. (2011) evaluated the future impacts of climate change on hydrological components in mixed forest watersheds located in northwestern South Korea. Park et al. (2011) evaluated the hydrologic impacts of potential climate and land use changes in a mountainous watershed in South Korea.
Regional water shortages can be assessed by systematically analyzing water balances using the MODSIM (Modified SIMYLD) (Shafer 1979 ) water balance network model. From planning to the management of water resources in complicated river networks, MODSIM was developed to effectively allocate available water resources in response to increasing demands for water. MODSIM has been successfully applied to several complex river basins, including the Rio Grande River basin in Colorado in the United States (Graham et al. 1986) , the upper Colorado River basin in the United States (Law and Brown 1989) , the Pampanga River basin in the Philippines (Faux et al. 1986) , the Gunnison River basin in Colorado in the United States (Weiss et al. 1997) , the South Platte River basin in Colorado in the United States (Fredericks et al. 1998) , the lower Nile River basin in Egypt (El-Beshri and Labadie 1994) , the Piracicaba River basin in Brazil (Azevedo et al. 2000) and the Snake River basin in the United States (Miller et al. 2003) . However, most of these studies focused on water supplies using a water balance analysis; only a few studies investigated agricultural water supplies. For example, Ahn et al. (2009) and Ahn et al. (2013) evaluated the agricultural water supply capacities for the Geum River basin in South Korea by performing a water balance analysis and considering a network of agricultural irrigation facilities using MODSIM.
The primary objective of this study is to assess the impacts of future climate change on the agricultural water supply capacity of the Geum River basin in South Korea by linking projected climate scenarios to an integrated watershed assessment tool and water network optimization model. Specifically, the SWAT model is used in the analyses of reservoir inflows from watersheds based on the downscaled HadGEM3-RA future climate data of the Representative Concentration Pathway (RCP) 4.5 and 8.5 scenarios. Then, the water balance networks are implemented by grouping the river basin into 14 regions using the MODSIM model while considering agricultural reservoirs, pumping stations, weirs and wells. Finally, we attempt to predict the future water supply capacities of agricultural irrigation facilities in the basin to allow policy makers to develop adaptation plans. Figure 1 shows a flowchart of the modeling procedures.
Model description

SWAT model description
SWAT is a physically based, continuous, long-term, distributed-parameter model designed to predict the effects of Figure 1 . Flowchart of study procedure.
land management practices on hydrology and water quality in agricultural watersheds under varying soil, land use and management conditions (Arnold et al. 1998) . SWAT is based on the concept of hydrologic response units (HRUs), which are portions of a subbasin that possess unique land use, management and soil attributes. The runoff, sediment and nutrient loadings from each HRU are calculated separately based on weather, soil properties, topography, vegetation and land management and are summed to determine the total loading from the subbasin (Neitsch et al. 2002) .
The hydrologic cycle, as simulated by SWAT, is based on the following water balance equation:
where SW t is the final soil water content (mm), SW 0 is the initial soil water content on day i (mm), t is the time (days), R day is the amount of precipitation on day i (mm), Q surf is the amount of surface runoff on day i (mm), E a is the amount of evapotranspiration on day i (mm), W seep is the amount of water entering the vadose zone from the soil profile on day i (mm), and Q gw is the amount of return flow on day i (mm).
The water balance for a reservoir, including the inflow, outflow, surface rainfall, evaporation, seepage from the reservoir bottom and diversions, is
where V is the volume of water in the impoundment at the end of the day (m 3 ), V stored is the volume of water stored in the water body at the beginning of the day (m 3 ), V flowin is the volume of water entering the water body during the day (m 3 ), V flowout is the volume of water flowing out of the water body during the day (m 3 ), V pcp is the volume of precipitation falling on the water body during the day (m 3 ), V evap is the volume of water removed from the water body by evaporation during the day (m 3 ), and V seep is the volume of water lost from the water body by seepage (m 3 ).
MODSIM model description
The MODSIM model is a generalized river basin decision support system and network flow model that was developed in 1978 at Colorado State University and is specifically designed to meet the growing demands and pressures in river basin management (Shafer and Labadie 1978) . In the MODSIM model, the generalized river-basin network model employs a state-of-the-art network optimization algorithm for simultaneously assuring that water is allocated according to the physical, hydrological and institutional aspects of riverbasin management (Fredericks et al. 1998) . A network is essentially a collection of nodes connected by links or arcs. Operating priorities are based on user-specified target storage levels and relative priorities among demands and reservoirs (Faux et al. 1986 ).
The links and nodes in MODSIM not only represent the physical components of a river basin system but also can be used to symbolize artificial and conceptual elements for modeling the complex administrative and legal mechanisms governing water allocation. In addition to the links and nodes defined by the users, several accounting nodes and links are automatically created in MODSIM, as shown in Fig. 2 . These nodes and links are essential for ensuring that mass balance is satisfied throughout the network. Once the network is constructed, a highly efficient network flow optimization algorithm is employed in MODSIM to provide solutions that simulate the allocation of water in a river basin according to water rights and other priority structures (Dai and Labadie 2001) .
MODSIM simulates water allocation mechanisms in a river basin through the sequential solution of the following generalized network flow optimization problem for each time period t = 1, . . ., T: Figure 2 . Illustration of the MODSIM network structure.
where A is the set of all arcs or links in the network; N is the set of all nodes; O i is the set of all links originating at node i (that is, outflow links); l i is the set of all links terminating at node i (that is, inflow links); b it is the (positive) supply or (negative) demand at node i; q ρ is the flow rate in link ρ; w ρt are the costs, weighting factors or water right priorities per unit flow rate in link ρ, which in some cases can vary with time; and l ρt and u ρt are the specified lower and upper bounds, respectively, of the flow in link ρ. Equations (3) through (5) are solved using a highly efficient dual-coordinate-ascent-based Lagrangian relaxation algorithm called RELAX-IV (Bertsekas and Tseng 1994) , which is up to two orders of magnitude faster than the revised simplex method of linear programming. The network topology and object characteristics are defined by the sets N; O i ; I i and the arc parameters [l ρt ; u ρt ; w ρt ] for each link ρ and for each time period t. The solution process for equations (3) through (5) is executed by period rather than as a fully dynamic optimization. Flows in the carryover storage arcs shown in Fig. 2 become the initial storage levels for optimization of the next period. In this way, the optimization performed in MODSIM is a primary method for accurately simulating the allocation of water resources according to water rights and other ranking mechanisms, which may include economic factors (Dai and Labadie 2001) .
3 Description of the study area and data for model evaluation
Description of the study area
The Geum River basin (9645 km 2 ) is located in the midwest region of South Korea within the latitude-longitude range of 35°08'00''N-36°09'00''N and 126°07'00''E-127°08'00''E (Fig. 3) . The Geum River is the third largest river of the five rivers (Han, Nakdong, Geum, Yeongsan and Seomjin) in South Korea. Compared with the other main rivers, the Geum River flows at low altitudes but has long tributary channels on gradual slopes. Wide plains are well developed downstream of the river and provide an excellent environment for agricultural production with water supplied from two , and is located 150 km upstream of the Geum River outlet.
The predominant land use type in the Geum River basin is forest, which accounts for 62% (5980 km 2 ) of the watershed area. Cultivated cropland is dominant in the lowland fertile areas (26% or 2508 km 2 ). The cultivated area consists of paddy fields (15% of the total watershed) and other upland crops (11%). The remaining land use types (urban, grassland and bare field) cover 3-5% of the watershed area. The annual average precipitation was 1305 mm and the mean temperature was 12.0°C over the last 30 years . Figure 3 shows the study area and the 40 and 14 subwatersheds delineated for the SWAT and MODSIM assessments, respectively. The numbers of each subwatershed for MODSIM are shown in Fig. 3 .
GIS, meteorological and measured data
The elevation data were rasterized to 100-m grid cells from a vector map with a 1:5000 scale that was supplied by the Korea National Geography Institute. The soil map was rasterized to a 100-m grid size from a vector map with a 1:25 000 scale that was supplied by the Korea Rural Development Administration. The 2008 land use map for nine classes (coniferous forest, deciduous forest, mixed forest, paddy rice, upland crop, urban, grassland, bare field and water) was obtained from the Korea Ministry of Environment.
Thirty-one years (1981-2011) of daily meteorological data were collected from nine weather stations and forty-one rainfall stations of the Korea Meteorological Administration and Ministry of Land, Infrastructure and Transport. The measured air temperature, precipitation, relative humidity, wind speed and sunshine hours were prepared for the SWAT simulation.
To calibrate and validate the SWAT simulation, 6 years (2005-2010) of daily streamflow data at the JD water level (Fig. 4) . The flow and water quality of the Geum River are impacted by the discharge operations of these large dams; therefore, dam operations must be incorporated into the modeling framework to enable successful modeling. In the SWAT model, dam operations are modeled based on measured daily discharges, measured monthly discharges, average annual discharges, or target storage volumes. In this study, the measured daily discharges from the two dams were directly imported into the SWAT model.
Inflow, water demand, agricultural facilities and dam operation data
The MODSIM monthly inflow data were used with SWATsimulated streamflows . For the MODSIM configuration, all small-scale reservoirs in each subwatershed, including disconnected rain-fed reservoirs, were aggregated and the total volume was treated as a hypothetical large reservoir.
To extract the reservoir inflow from the SWAT-simulated streamflow for each small-scale reservoir, the total drainage area (1882 km 2 ) investigated by MFAFF (2009) was used to calculate the areal fraction of the drainage areas of the reservoirs over the entire subwatershed (9645 km 2 ). All small-scale reservoirs in each subwatershed, including the disconnected rain-fed reservoirs, were aggregated and the total volume was treated as a hypothetical large reservoir. The results showed an average areal fraction for each subwatershed of 8:2. Thus, the total monthly water yield from the subwatershed was split as follows: 80% draining the main and tributary reaches and 20% flowing into the agricultural reservoir (Fig. 5) . In addition, water demands from municipal and industrial consumption sources were estimated to be 36% of the total water demand, including agricultural usage based on a survey conducted by the Ministry of Land, Transport and Maritime Affairs (2006) . No reliable data, other than the 2006 report, are available for basing these estimates on. Therefore, standard water demand data in 2006 were used every year. The in situ water demands should be changed, and the values of constant demand are obtained from the government announced values for the given areas.
The operational data prepared for the two major dams include the water storage volumes at the maximum water level and principal spillway water level, storage of earlier reservoir operations and target storage. Agricultural irrigation facilities included in the model configuration include reservoirs, pumping stations, weirs and culverts, and wells that partially supply irrigated paddy fields with groundwater. Operation of these irrigation facilities is closely related to cropping management practices in the basin. Based on our best knowledge of the current agricultural operations (MLTMA 2006) , the total operating hours of the irrigation facilities during 1 year were 120 days (May-August) for pumping stations and weirs and 270 days (FebruaryOctober) for culverts and wells.
Agricultural water supply network
In MODSIM, data input and model execution are configured using multiple nodes such as reservoir nodes, non-storage nodes, demand nodes and flowthru nodes. A node is a physical system for a particular process at a location in the basin, while links represent streams, channels and regional water supply networks that connect the nodes. Consequently, the river system in the Geum River basin was represented as a network of nodes and links in MODSIM. Figure 6 was drawn to help explain this procedure for the 3001 subwatersheds located upstream of the YD station.
The inflow node (3001_inf) defines the watershed inflow and the water supplied in response to the demands of the municipal and industrial water node (3001_mi). A non-storage node (Res_inf_3001) in front of an agricultural reservoir node (Res_3001) combines the inflow to an agricultural reservoir and the water supply in response to the demands of an agricultural water node (3001_agr). Other nodes, including pumping station nodes (3001_agr_p) and weir nodes (3001_agr_d), were designed to supply water in the reverse direction in case the low water state of these reservoirs promotes the flow of stream water flow into agricultural reservoirs. Due to the non-negligible use of groundwater, the culvert node (3001_agr_c) and well node (3001_agr_w) were defined separately and subsequently connected to the network. In the network of nodes and links, water can be transferred between subwatersheds based on the supply and demand of differently defined entities.
Future climate data from GCM and their downscaling
From the recently released Fifth Assessment Report (AR5) (published in September 2013) of the Intergovernmental Panel on Climate Change (IPCC), Representative Concentration Pathways (RCPs) are new scenarios that consider alternative futures with global greenhouse gas and aerosol concentrations as their starting point and a refined spatial resolution compared with previous reports. There are four RCPs, which are defined as 2.5, 4.5, 6.0 and 8.5 based on their total radiative forcing pathway and level by 2100. In this study, two RCPs, 4.5 (540 ppm CO 2 ) and 8.5 (940 ppm CO 2 ), were selected for future climate projections. RCP 4.5 assumes the long-term level of greenhouse gas (GHG) concentrations at the intermediate level with broadly predefined forcing stabilization constraints. In contrast, RCP 8.5 assumes that GHG emissions will increase with time during the twenty first century and approach very high levels by 2100. The HadGEM3-RA model published by the Korea Meteorological Administration is currently available for the Geum River basin. The HadGEM3-RA model is a regionally downscaled model with a resolution of 27 km.
We used two RCPs, 4.5 and 8.5, in the HadGEM3-RA model for a long-term simulation . In an effort to validate the climate scenarios, two RCPs were compared with the measured temperature and precipitation over the past 31 years , and the RCPs were observed to underestimate these variables. Therefore, the future temperature and precipitation data were regenerated using a statistical bias correction technique based on historical observation data. The detailed technical procedures can be found in Ahn et al. (2011) .
With the bias correction, the adjusted future temperature and precipitation for both scenarios by 2099 increased by 3-4°C from 11.9°C and to approximately 300 mm from 1305.4 mm, respectively, based on the baseline (1981-2011) (Fig. 7) . The future projection was split into two periods centered around the 2040s (2021-2060) and 2080s (2061-2099) for the near-term and longer-term assessments. At the monthly scale, RCP 4.5 projected lower temperature increases than RCP 8.5, primarily due to increased GHG controls. Although RCP 4.5 projected a negligible difference in temperatures between the simulations for the periods centered around the 2040s and 2080s, a significant increase in temperature was projected by RCP 8.5 during the period centered around the 2080s (Fig. 8) . The annual temperature was expected to increase by 1.5°C according to the RCP 4.5 scenario and by 3.3°C according to the RCP 8.5 scenario. Generally, an increase in precipitation was projected in both scenarios, and the RCP 4.5 scenario projected higher precipitation, especially during the month of July. In July, the precipitation increased by 25% in the 2040s and 26% in the 2080s in the RCP 4.5 scenario and by 18% in the 2040s and 15% in the 2080s in the RCP 8.5 scenario. The annual precipitation was projected to increase by 32 and 28% in the RCP 4.5 and 8.5 scenarios, respectively. 
Results and discussion
SWAT calibration
The SWAT model was calibrated using 3 years (2005) (2006) (2007) of daily streamflow data and subsequently validated using another 3 years of data (2008) (2009) (2010) . Due to the large size of the drainage area of approximately 10 000 km 2 in the study watershed, the calibration and validation were conducted at three locations (YD, DC and JD) on the main reach. The multi-site calibration greatly enhanced the performance of the model because the watershed presented spatial variations in hydrological responses that required local calibrations. The coefficient of determination (R 2 ), the Nash and Sutcliffe (1970) model efficiency (NSE), and the root-mean-square error (RMSE) were used to quantitatively assess the ability of the SWAT model to replicate temporal trends in the observed hydrologic data. For calibration, 14 of the most influential parameters were selected. These parameters are related to streamflow (CN2 and CH_N), soil moisture (ESCO and SOL_AWC), groundwater (ALPHA_BF, GWQMN, GW_DELAY and GW_REVAP) and reservoir operation (RES_ESA, RES_EVOL, RES_PSA, RES_PVOL, RES_VOL and RES_K) processes. In this study, both calibration and validation were manually performed using a trial-and-error approach within recommended ranges to maximize the expert knowledge of watershed characteristics and modeling experience. The final values were selected based on a statistical evaluation of the performance measures (Table 1 ).
The two multi-purpose dams in the main reaches of the Geum River basin represent the significant hydrological controls in the main reach and the major diversions of water resources for agricultural and other activities. Therefore, optimizing the SWAT model to accurately predict the water storages of YD and DC is important. Figure 9 shows the calibration results for dam storage for a 6-year period (2005) (2006) (2007) (2008) (2009) (2010) . The apparent monsoonal climate affects storage, with significant seasonal variations of 400-500 million m 3 between the wet summer season and the dry winter season, and the model tends to underestimate storage during the calibration period. Because calibration is continuously performed for multiple years, model errors in dam storage predictions at the end of each year are carried over to the following year. The model calibration and validation results are summarized in Table 2 and Fig. 10 simulation according to Moriasi et al. (2007) . The RMSEs during the calibration and validation periods were 4.07 mm/d at YD, 2.37 mm/d at DC and 0.9 mm/d at JD. During the low flow period from November to March, the RMSEs were 0.30, 0.24 and 0.48 mm/d at YD, DC and JD, respectively. The errors at YD and DC resulted from high flows, and the main error at JD resulted from low flow. In the lowland areas from DC to JD, uncertainty occurs in the amounts of stream water withdrawn for many greenhouses by farmers in paddy areas which was not considered in the modeling process. For water balance modeling, the PBIASs of YD, DC and JD were 12.5, 20.6 and 9.1%, respectively. Moriasi et al. (2007) indicated that a PBIAS of up to 25% of the monthly flow is acceptable. As shown in Table 2 , the error for the runoff in 2005 and 2008 presented a low NSE at YD, and most errors originated from the differences in the peak runoff for storms and baseflow. The peak runoff errors may be caused by the differences between the real and simulated runoff mechanisms in the paddy fields. Unlike the unsaturated flow mechanism in a natural environment, a rice paddy includes artificial factors, such as irrigation scheduling and levee height management, which increase the uncertainty in the water budget. During paddy cultivation periods (MaySeptember), farmers artificially control levee heights for their own water management purposes. Irrigating before rainfall and draining water after rainfall significantly affect streamflows (Park et al. 2011) . After streamflow calibration, the daily streamflow in each subwatershed estimated by SWAT was used to determine the boundary conditions of MODSIM along with the reservoir inflows.
Water balance analysis
Using the streamflow and reservoir inflows estimated by SWAT, the availabilities of water for municipal, industrial and agricultural applications in the Geum River hydrologic system were evaluated using the MODSIM model for 30 years based on a water balance analysis. The water balance analysis results were evaluated in terms of the safety of the water supply, which includes the ratio of the water supply to water demand (potential water supply rate) and the ratio of the water shortage to water demand (shortage rate) for each year and for each subwatershed. The water shortage is defined as (1) the cumulative maximum extent of a system failure in million m 3 (unsatisfactory values) and (2) the ratio (in percent) of the water supplied to the water demand during the period. Failure is defined as the inability of the source to provide a monthly planned release.
The annual water supply capacity was evaluated in the range of 96.7-100% in the case of municipal and industrial water and in the range of 72.0-96.1% in the case of agricultural water (Table 3 ). The discrepancy in the water supply capacity implies that water shortages resulting from droughts have more damaging effects on agricultural systems than on other non-agricultural consumption types. During the thirty considered years, the maximum agricultural water shortage rates were estimated as 28.0, 23.6, 24.7, 27.8, 27.2, 18.4, 18.5 and 21 .5% for the severe drought years of 1982, 1988, 1994, 1995, 2001, 2006, 2008 and 2009, respectively . The significance of these high shortage rates is notable because the average shortage rate was 16.2%. Particularly, in the recent severe drought year of 2009, the shortage rate was 67% higher than that in non-drought years. Indeed, records show that the country experienced severe agricultural droughts during these years (KRCC 2012) .
Consequently, the average water supply capacity for agricultural use was estimated as 87.4%, which is substantially less than the amount available for municipal and industrial consumption (98.7%) ( Table 4 ). In particular, three subwatersheds, including 3012, 3011 and 3013 (see Fig. 3 ), were identified as the areas most affected by the agricultural water supply shortage.
Influence of climate change on the agricultural water supply
To assess the impacts of climate change on the agricultural water supply capacities, the SWAT-MODSIM model was run for 94 years (2006-2099) with future climate data for the RCP 4.5 and 8.5 scenarios. Figure 11 shows how the agricultural water shortage rate is projected by the model during 2006-2099. As shown in Fig. 11(b) , the future agricultural water shortage rate exhibited a decreased tendency for both scenarios based on the baseline period and the RCP historical period , and the percentage changes of the variability in the agricultural water availability increased under the RCP 8.5 scenario compared with the RCP 4.5 scenario. Table 5 shows the annual average agricultural water shortages and the shortages for 4 months (June-September) for every 10-year-period from 1982 to 2099. The monthly results show a large increase in agricultural water shortage in the RCP 4.5 scenario compared with the baseline period and the RCP historical period in August. This increase clearly resulted from a decrease in the future RCP 4.5 rainfall in August. In contrast, the annual average and monthly agricultural water shortages in the RCP 8.5 scenario were generally lower than those during the reference year, even though the RCP 8.5 scenario showed a higher increase in future temperatures and relatively small changes in future rainfall from June to September when compared with the RCP 4.5 scenario. This result can be explained by the averaged agricultural water shortage, including flood and drought years for 10 years. As shown in Fig. 7 , the yearly rainfall fluctuates more in an increasing manner in the RCP 8.5 scenario than in the RCP 4.5 scenario. Thus, the frequencies of floods and droughts in the RCP 8.5 scenario increased. In conclusion, the large decrease in water shortages in flood years resulted in lower agricultural water shortages for the 10-year durations. Over time, the agricultural droughts in the RCP 8.5 scenario fluctuate widely and become unstable. Table 6 summarizes the future projected agricultural shortage rates for the two periods centered around the 2040s (2021-2060) and 2080s (2061-2099) at the subwatershed scale. In the RCP 4.5 scenario, the average agricultural water shortage rate for the entire river basin was projected to be 9.7% in the 2040s during the near-term future period and 9.4% in the 2080s during the longer-term period, mainly due to the continuing control on GHG emissions. On the other hand, the projected agricultural shortage rate was somewhat different for the RCP 8.5 scenario. The RCP 8.5 results show that the near-term agricultural shortage rate will be substantially smaller than that in the RCP 4.5 scenario (average of 6.9% for the entire river basin in the 2040s). However, in the long term, the shortage rate will decrease to an average of 6.9% in the 2080s, which is comparable to the baseline period. Based on the results for each subwatershed, we anticipated that the maximum agricultural water shortage rate would reach 38.2% in the 2040s and 38.2% in the 2080s for the 3013 subwatershed in the RCP 4.5 scenario and 21.3% in the 2040s and 22.1% in the 2080s for the 3010 subwatershed in the case of the RCP 8.5 scenario. In the RCP 4.5 scenario, the projected shortage rates were higher than the 25.6% and 30.1% shortage rates predicted for the worst case in the baseline and RCP historical period. The shortage rates of the 3010 and 3013 subwatersheds were projected to change between +8.5 and +23.4% in the RCP 4.5 scenario and between +7.9 and +8.7% in the RCP 8.5 scenario. Figure 12 presents the monthly agricultural water demands and shortage rates for the 2040s and 2080s under the RCP 4.5 and 8.5 scenarios, which usually occurred during the irrigation period (from June to September). Particularly, the maximum shortage occurred in June and rapidly decreased during the rainy season (July) before increasing from August to September due to the relatively small amount of precipitation. Accordingly, the potential agricultural water supply rate decreased from June to September. In the future scenarios, the water shortage decreases in June and increases in August. However, the opposite result was observed in the RCP 8.5 scenario, with precipitation increasing to 33.6% in June and decreasing to 27.1% in August in the 2080s relative to the baseline period. The spatial distributions of the shortages allow us to understand vulnerable areas during agricultural droughts that result from relative deficiencies in water compared with other areas (Fig. 13) . The largest shortages occurred in the 3011 and 3012 subwatersheds. 12.6 13.4 9.7 9.4 6.9 6.9 −3.7 −4.0 −6.5 −6.5 
Summary and conclusions
In this study, the SWAT and MODSIM models were used to assess the impacts of future potential climate changes on the agricultural water supply capacity for the Geum River basin in South Korea. The SWAT model was employed to analyze the streamflow by using the downscaled HadGEM3-RA future climate data. Water balance networks were simulated using the MODSIM model to represent agricultural irrigation facilities in the Geum River basin. Finally, the potential impacts of the projected climate change on the agricultural water supplies were evaluated.
The SWAT model was calibrated and verified by comparing the daily streamflow data with the daily observations over 6 years (2005) (2006) (2007) (2008) (2009) (2010) . The SWAT-simulated streamflow data were used as an input for MODSIM. In MODSIM, water balance networks that incorporate irrigation facilities were designed for the Geum River basin, and the discharge to the agricultural water supply of irrigation facilities was evaluated by running the model using data for 30 years . The agricultural water shortage rates in the representative drought years of 1982, 1988, 1994, 1995, 2001, 2006, 2008 and 2009 were estimated as 28.0, 23.6, 24.7, 27.8, 27.2, 18.4, 18 .5 and 21.5%, respectively. All of the average potential water supply rates in these representative years were lower than the average supply rates in the basin (72.0% in 1982, 76.4% in 1988, 75.3% in 1994, 72.2% in 1995, 72.8% For the future climate data, the HadGEM3-RA future climate data of the RCP 4.5 and 8.5 scenarios in the IPCC-AR5 were adopted for the assessment after addressing biases in the precipitation and temperature using historical data. In the RCP 4.5 scenario, temperature and precipitation were projected to increase by 1.5°C and 28%, respectively, by 2099. With no GHG controls, the RCP 8.5 scenario projected temperature and precipitation increases of 3.3°C and 32%, respectively.
The assessment results showed that the expected maximum agricultural water shortage rate was 38.2% in the period centered around the 2040s and 38.2% in the period centered around the 2080s in the RCP 4.5 scenario and 21.3% in the period centered around the 2040s and 22.1% in the period centered around the 2080s in the RCP 8.5 scenario. These projected future shortage rates are compared with the baseline and RCP historical period of 25.6% and 30.1% which were obtained from the historical data. A noticeable decrease in water shortages was expected to become common in June, whereas the water stress due to the shortages was expected to intensify in August, mainly due to the increased variability in future climate. The model simulations suggest that the average annual agricultural water shortages due to droughts could slightly decrease or be maintained at the same level. However, for the monthly base, the greater water shortages particularly appeared in August due to decreased precipitation.
Future hydrologic conditions cannot be projected perfectly due to uncertainties in the models, climate data projections and other inputs required for the simulations. However, the results of this study are useful in terms of identifying potential water issues regarding ongoing climate change. The lessons learned from this study will be incorporated into future water resource planning and the management of local governments in the Geum River basin to maintain the sustainability of water resources in the face of ongoing demands for water for agricultural purposes and other consumption sources.
